The proper performance of sinter plants is vital for efficient and uniformly blast furnace operations. For smooth sinter plants operation, changes to the operating conditions should be few and precise. This paper explains advisory platforms that supply control strategies and sinter quality estimations to the plant operators, developing mathematical model, which are able to advise them about the necessary decisions to improve sinter quality. These models, based on Fuzzy Logic sets, have been developed to supply control strategies and sinter quality estimations to the plant operators at a Spanish factory.
Introduction
Sinter plants are key units whose proper performance is vital for efficient and uniformly blast furnace operations. For smooth sinter plants operation, changes to the operating conditions should be few and precise. To achieve this, a much better understanding of the mechanisms relating control inputs to a sinter production rate and quality needs to be established.
In the present research work, the National Centre for Metallurgical Research (CENIM) develops Fuzzy Logic based models that supply control strategies and sinter quality estimations to the plant operators at one Spanish sintering factory. The mathematical model developed has been able to advise the plant operators so that they can take, with this information, the necessary decisions to improve sinter quality. [1] [2] [3] [4] [5] Fuzzy theories and NN (Neural Network) have started to be applied to ironmaking primarily to aid the development of pattern recognition and development of knowledge bases. The use of fuzzy controllers and NN-based control appear, as above mentioned, for ironmaking though there are indications that they might be in use, particularly in Japan. [8] [9] 
Data Collection
The MICUM index is used to know the produced sinter behaviour when the abrasion acts. The test was made with 50 kg of sinter sized from 10 to 25 mm. The sinter was introduced in a drum container of 1 000 mm of diameter and 1 000 mm high too, with 4 lifters of 100 mm width each. The drum was rotated with a speed of 25 rpm during 4 min. The MICUM index is represented for the sinter fraction on weight greater than 10 mm. As greater is this index as better the sinter behaviour with the abrasion on blast furnace.
To calculate the MICUM index the total amount of input variables obtained were represented on Table 1 . The model will predict only the variables in which the plant operator concentrates his attention to control the sinter strand operation (see Table 2 ). The data sets collected are shown in the  Table 3 . The data sets had a sample period of 1 h. However, MICUM index was sampled each 2 h. Therefore 5 700 data are available for MICUM index.
Linear Data Analysis

Multiple Regression
One common problem in order to achieve modelizing is to select the input variables related with the output variable. A stepwise regression was firstly carried out to select the possible input variables. The best result was obtained with model no. 11 using 11 variables (see Table 4 ). This model has the highest R 2 index (0.406) but it is low to use as predictor.
Cross Correlation
The calculation of cross correlation provides the linear dependence between two variables. In this case (a highly non-linear system), it will be only a guide for the system's trend. It was employed the next algorithm Table 5 ). It is remarkable that, concerning the results obtained and showed in Table 5 , the cross correlation permits to find the influence of the input variables in the MICUM index. If the calculat- ed cross correlation coefficient is greater, then the influence on this variable in the output is stronger. Therefore, the five most significant input variables were the strand productivity (SP), the strand speed (SS), the dry ore flow rate (O1), the wet ore flow rate (W1), and the sludge water flow rate (E1).
Principal Component Analysis (PCA)
PCA 11) was another technique used to analyse the covariance relationships within a data set, investigating the number of independent variables, involving the study of the structure, within a covariance matrix by extracting the eigenvalues and eigenvectors from this matrix. The method consists on detecting variables that behave sufficiently similar, so they can be combined into new variables. These similarities are based on an eigenvalues analysis of the covariance matrix. The dimensionality of the original data set can be reduced in principal axes, which accounts for a significant proportion of the total variance. The aim is to reduce the dimensionality of the data set, without loss of information.
From forty-six input variables studied (see Table 6 ), the six inputs (A1, BY, CD, FE, FP and MX, in bold characters in the table) with highest eigenvector element for each principal component (PC1, ..., PC11) were selected for the MICUM index.
A drawback related with the use of PCA concerns the non-linearity of this system. Another limitation of the PCA is that a large component in the PCA could not affect the output, and vice versa. Moreover, the variables that form the PCA have not physical signification, according with plant's operator advice. 
Fuzzy Logic Application
The results obtained with the above mentioned methods were not enough determinant to use them in the model's developments because the relationship among the different variables is non-linear.
The decision to select Fuzzy Logic for this application was because the fuzzy identifiers provide a natural framework, to incorporate human linguistic descriptions about the unknown non-linear system. This information is useful to build a good initial identifier, so that the identifier will converge faster during the on-line training. As these linguistic descriptions are vague and fuzzy, so that traditional identifiers and neural identifiers cannot make use of them at the front end of their designs.
The parameters of the fuzzy identifiers have clear physical meanings and it is not necessary enough data to train the system comparing with other techniques.
Structure of Fuzzy Logic System Used
There are two types of fuzzy systems to operate: Mamdani system and Sugeno system.
12) The fuzzy system of Takagi-Sugeno-Kang has been selected since it allows training the model through the subtractive clustering method without to know the rules of fuzzy system a priori 2) and the THEN part of rules are linear combinations of input variables. This Sugeno fuzzy system has been built starting from the following rules:
where: C i k ϭfuzzy sets c i k ϭconstants k ϭ1, 2, ..., M After having done a cross correlation study, principal components analysis and a lot of essays, the best models for MICUM index have been obtained using as input variables the following ones: where: u j (tϪi)→samples obtained in previous i sintering process y→MICUM Index measured (%) y→MICUM Index prediction (%) The training structure of the fuzzy system is deployed in Fig. 1 using four previous sintering processes. 
Subtractive Clustering
Clustering of numerical data forms the basis of many classification and system modelling algorithms. The purpose of clustering is to identify natural groupings of data from a large data set to produce a concise representation of a system's behaviour. It can use the cluster information to generate a Sugeno-type Fuzzy Inference System (FIS) that best models the data behaviour using a minimum number of rules.
The advantage of using the subtractive clustering algorithm is that the number of clusters does not need to be a priori specified; instead the method can be used to determine the number of clusters and their values.
The Subtractive Clustering method 13) assumes each data point is a potential cluster centre, and calculates a measure of the potential for each data point, based on the density of surrounding data points. The algorithm selects the data point with the highest potential as the first cluster centre, and then destroys the potential of data points near the first cluster centre. The algorithm then selects the data point with the highest remaining potential as the next cluster centre, and destroys the potential of data points near this new cluster centre. This process of acquiring a new cluster centre, and destroying the potential of surrounding data points, is repeated until the potential of all data points falls below a threshold.
The FIS matrix generation is accomplished through a previous training, before building this matrix. Relationships between inputs and output a priori are searched, and data with similar behaviour are clustered forming clusters, so the number of rules has been reduced being equal to the number of clusters. Therefore, the FIS matrix has an equal number of membership functions for each input, as clusters have been founded.
14)
The cluster radius is a very important factor. As much as small is the cluster radius, larger number of clusters is obtained, and therefore larger number of rules and membership functions for each one of the variables are obtained too.
The best cluster parameters for this system (MICUM index prediction) were obtained using the trial and error method. The training period has been accomplished with 5 000 data with a sample period of 2 h, and the result obtained is represented in Fig. 2. 
Validation of the Model
The validation period has been accomplished with 720 data, and the result obtained is represented in Fig. 3 .
The model obtained predicts the MICUM index value with a sampling period in advance (2 h). It can be observed that the predicted MICUM index trends are suitable. Therefore, this model can be used as an advisor system to the plant operators.
It can be observed also that both training error and validation error are less than one (training root mean square error: 0.6847 %; validation root mean square error: 0.7531 %). Therefore these errors are acceptable, because their values are minor than the values that operators are using as upper and below margins in the control limits. These values are 0.8 % upper and below from the order value.
Application for a Spanish Factory
The graphic interface obtained with this model will be applied in the Gijón factory sintering strand. The MICUM index predicted permits that operators could apply the resultant actions from advisor system, if it is necessary.
Windows of the Advisor System
Three windows compose this interface. Firstly, there is a menu windows that is shown in the Fig. 4 .
Validation Window
With this window, the plant operators can see the predict- tem control actions. There are three messages according to the zones in which are the predicted MICUM (Fig. 6) . If this index are in the middle zone, the operator have not to do anything; in the case of the MICUM index is in the second zone upper or low to the before limits, it must wait for 4 h. And if the predicted index is out of the limits, the operator must do immediately a control action. These control actions can be used or not according to the experience of the plant operators. Both Basicity and Predicted MICUM index results appear in the window too.
Date introduction allows saving the data introduced and the indexes obtained in a file for a temporal utilisation. The last 1, 2, 5, 10 and 15 d visualisation permits to see the MICUM index and the Basicity index temporal evolution.
Historical Data Window
If this window is chosen, the plant operators can see the influence of input parameters in the predicted MICUM obtained. This is shown in Fig. 7 . When both initial date and final date are introduced, the graphics will show the inputs as well as predicted and real MICUM index variation in this period.
Benefit of the System
Main technical benefits are derived from the new model developed to predict the evolution of the MICUM index. This allows to take control actions on time. In this way, the sinter strand is operated smoothly, avoiding the production of sinter bad conditioned. On the other hand, working with the model allows also sintering plant operator a deeper insight in sintering process, saving time, and improving the technical qualification of the workers. During the development of the research, a lot of technical discussion was held among experts from the sinter plant. This led to a better knowledge of sinter strand performance, pointing out its limitations and opening new ways to improve the process, such as to optimise the ore blends for sintering and to prevent failures in the sinter strand by early diagnostic.
The benefits achieved, improved not only the sinter strand performance but also the blast furnace, the next step in steel production process. The model developed allows obtaining sinter of constant quality, this means a benefit for the blast furnace performance. Also, the model allows changing the sinter properties when blast furnace operators require it.
Conclusions
From the work performed the following conclusions may be drawn:
(1) The model obtained with Fuzzy Logic predicts well the MICUM Index value a sampling rate ahead (2 h). It can be observed that the predicted MICUM index trends are suitable.
(2) In the Fuzzy Logic model can be observed that as training error as validation error is less than one unit (training root mean square error: 0.6847; validation root mean square error: 0.7531). Therefore, these errors are acceptable because their values are minor than the values that operators are using as upper and below margins in the sinter strand control. These values are 0.8 upper and below from the order value.
(3) With Fuzzy Logic model it is possible to know those variables that has most influence in the MICUM index determination. To optimise the control of the MICUM index is possible actuate in the selected variables obtained for fuzzy logic system. In this way a better control of process has been obtained.
